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1
EDGE-ENABLED TRAJECTORY MAP
GENERATION

FIELD

Embodiments of the present invention generally relate to
node trajectory generation. More specifically, at least some
embodiments relate to systems, hardware, software, com-
puter-readable media, and methods for generating trajecto-
ries for node objects in an edge environment to facilitate
logistics operations.

BACKGROUND

Logistics in environments, such as warehouse environ-
ments, can be difficult to monitor and manage at least
because many different objects may exist and/or operate
simultaneously. Many objects in an environment are mobile
in nature while other objects may be stationary or fixed. As
a result, care should be exercised with regard to the other
objects in the environment to help ensure that accidents or
other problems do not occur. This can be difficult as many
of the objects may operate concurrently and their positions
may not be known.

In a warchouse environment, for example, multiple
mobile devices may be operating at the same time. Examples
of these mobile devices includes forklifts. The forklift
operators need to look out for each other in addition to
taking care around other objects or hazards such as shelving
or storage space, pillars, docks, pallets, and the like. Even if
these forklift operators are able to communicate with each
other, it is difficult to coordinate the movement of multiple
forklifts and ensure that undesirable interactions do not
occur. Effectively performing logistics operations to ensure
safety around hazards in an environment is complex and
involves many unknowns in environments such as ware-
house environments.

SUMMARY

In one embodiment, a method comprises segmenting one
or more node trajectories based on data collected at a node;
determining one or more initial trajectories based on the
segmented node trajectories; and generating a map including
trajectories generated by associating attribute data and event
data with the initial trajectories.

In some embodiments, the one or more initial trajectories
can be determined based on one or more subtrajectories and
frequencies that are identified based on the segmented node
trajectories. In addition, the determining the one or more
initial trajectories can further comprise determining two or
more centerline nodes and a center line for the initial
trajectory using a ring-step clustering algorithm to process
the one or more subtrajectories. In addition, the data can
comprise sensor data collected at the node, and the node
trajectories can be segmented based on the sensor data. In
addition, the data can comprise position data collected at the
node, and the one or more node trajectories can be seg-
mented based on a temporal gap, a spatial gap, or a spatial
stop identified based on the position data. In addition, the
spatial gap can be identified based on the temporal gap. In
addition, the method can further comprise deploying the
generated map to the node. In addition, the map can be
configured to allow for spatial indexing. In addition, the map
can comprise a quadtree data structure. In addition, the
method can further comprise processing a query using the
map to determine a subsequent trajectory for the node based

35

40

45

50

2

on position data for the node and on the attribute data and
event data associated with the initial trajectories. In addition,
the method can further comprise processing a decision-
making action based on the subsequent trajectory. In addi-
tion, the processing the decision-making action can further
comprise causing the subsequent trajectory, the position
data, the attribute data, or the event data to be provided as
input to machine-learned models or to rule-based engine
determinations.

Other example embodiments include, without limitation,
apparatus, systems, methods, and computer program prod-
ucts comprising processor-readable storage media.

Other aspects of the invention will be apparent from the
following description and the appended claims.

BRIEF DESCRIPTION OF THE DRAWINGS

The foregoing summary, as well as the following detailed
description of exemplary embodiments, will be better under-
stood when read in conjunction with the appended drawings.
For purposes of illustrating the invention, the drawings
illustrate embodiments that are presently preferred. It will be
appreciated, however, that the invention is not limited to the
precise arrangements and instrumentalities shown.

In the drawings:

FIG. 1 illustrates aspects of a logistics system configured
to be implemented in an environment or domain in accor-
dance with example embodiments;

FIG. 2 illustrates aspects of a method for generating and
using a map in accordance with example embodiments;

FIG. 3 illustrates aspects of generating a node trajectory
in accordance with example embodiments;

FIGS. 4-6 illustrate aspects of segmenting a node trajec-
tory in accordance with example embodiments;

FIGS. 7-10 illustrate aspects of determining an initial
trajectory in accordance with example embodiments;

FIG. 11 illustrates aspects of updating the initial trajec-
tories in accordance with example embodiments;

FIG. 12 illustrates aspects of a method for generating a
map in accordance with example embodiments;

FIG. 13 illustrates aspects of a method for querying a map
in accordance with example embodiments; and

FIG. 14 illustrates aspects of a computing device or a
computing system in accordance with example embodi-
ments.

DETAILED DESCRIPTION

Embodiments of the present invention generally relate to
node trajectory generation. More specifically, at least some
embodiments relate to systems, hardware, software, com-
puter-readable media, and methods for generating trajecto-
ries for node objects in an edge environment to facilitate
logistics operations.

Disclosed herein are filtering, mining, and clustering
techniques to compose a map of trajectories for nodes (e.g.,
mobile entities) at the near edge. Advantageously, the map
is configured to associate domain attributes with initial
trajectories’ waypoints.

In a domain or environment associated with an edge
infrastructure, such as determining forklift trucks’ trajecto-
ries within a warehouse, technical problems arise in con-
nection with gathering and structuring multiple nodes’ data
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s0 as to enable decision making while minimizing response
delay. More specifically, example technical problems
include the following:

Composing typical trajectories in a structured manner;

Enabling decision-making tasks in a distributed environ-

ment; and

Minimizing delay for decision-making at the edge

A further technical problem includes supporting decision-
making tasks in edge environments comprising multiple
dynamic entities. One such example involves forklifts as
edge nodes operating in warehouse environments. Example
problems associated with this use case include the follow-
ing:

Reasoning about typical trajectories at the edge; and

Enabling rich real-time decision-making tasks in a dis-

tributed environment

Regarding reasoning about typical trajectories at the edge,
leveraging past experiences of multiple edge nodes (e.g.,
forklifts) for real-time or near-real-time decision making can
be challenging. Conventional machine learning models can
be trained for specific tasks, if the data from multiple nodes
can be aggregated into a central node for the training itself.
However, no single conventional general model for deci-
sion-making tasks can be deployed (e.g., due to model size
and complexity). Furthermore, only certain parts of past
experiences may be relevant for a given decision-making
task at hand.

Regarding rich real-time decision-making, forklifts as
edge nodes in the environment may operate in many distinct
operational modes. For example, a forklift unloading and
loading cargo from a dock is expected to behave differently
than one traversing the warehouse elsewhere. Training a
conventional machine learning model for each possible
operational mode is prohibitive, both regarding training as
well as the deployment of the models for inference. The edge
nodes may have a limited processing capacity and may be
unable to store and run an unlimited number of models in
real time.

A still further technical problem is that in conventional
deployments not only machine learning models may be used
for decision making, but also rule-based engines. These
rules may require richer levels of information than the raw
sensor data, but the processing may take significant time and
impact the possibility of providing real-time assessment.
One approach may be to devise these rules to use the
inference of machine learning models, but then the same
restrictions apply as discussed above.

Example embodiments provide technical solutions to the
technical problems articulated above. Example embodi-
ments are configured to process data collected at the near
edge, for example from sensors deployed on each mobile
entity, without requiring specific external sensors and with-
out requiring communication between entities. Disclosed
herein is a filtering, mining, and clustering process to
compose a map of the trajectories at the near edge, associ-
ating domain attributes with initial trajectories’ waypoints.
Furthermore, if event data is available, the map can be used
to correlate areas of the domain or environment (e.g., indoor
space) with event frequencies.

Specific embodiments of the invention will now be
described in detail with reference to the accompanying
figures. In the following detailed description of example
embodiments, numerous specific details are set forth in
order to provide a more thorough understanding of the
invention. However, it will be apparent to one of ordinary
skill in the art that the invention may be practiced without
these specific details. In other instances, well-known fea-
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tures have not been described in detail to avoid unnecessar-
ily complicating the description.

In the following description of FIGS. 1-14, any compo-
nent described with regard to a figure, in various embodi-
ments of the invention, may be equivalent to one or more
like-named components described with regard to any other
figure. For brevity, descriptions of these components will not
be repeated with regard to each figure. Thus, each and every
embodiment of the components of each figure is incorpo-
rated by reference and assumed to be optionally present
within every other figure having one or more like-named
components. Additionally, in accordance with various
embodiments of the invention, any description of the com-
ponents of a figure is to be interpreted as an optional
embodiment which may be implemented in addition to, in
conjunction with, or in place of the embodiments described
with regard to a corresponding like-named component in
any other figure.

Throughout the application, ordinal numbers (e.g., first,
second, third, etc.) may be used as an adjective for an
element (i.e., any noun in the application). The use of ordinal
numbers is not to necessarily imply or create any particular
ordering of the elements nor to limit any element to being
only a single element unless expressly disclosed, such as by
the use of the terms “before”, “after”, “single”, and other
such terminology. Rather, the use of ordinal numbers is to
distinguish between the elements. By way of an example, a
first element is distinct from a second element, and a first
element may encompass more than one element and succeed
(or precede) the second element in an ordering of elements.

Throughout this application, elements of figures may be
labeled as “a” to “n” (or to another letter, such as “h™). As
used herein, the aforementioned labeling means that the
element may include any number of items and does not
require that the element include the same number of ele-
ments as any other item labeled as “a” to “n.” For example,
a data structure may include a first element labeled as “a”
and a second element labeled as “n.”. This labeling conven-
tion means that the data structure may include any number
of the elements. A second data structure, also labeled as “a”
to “n,” may also include any number of elements. The
number of elements of the first data structure and the number
of elements of the second data structure may be the same or
different.

FIG. 1 shows aspects of an environment in which at least
some example embodiments of the invention may be
deployed or implemented. FIG. 1 illustrates a logistics
system including nodes 102a, 1025, . . . , 102% and a central
node 106. The nodes and the central node are configured to
coordinate performance of logistics operations.

In example embodiments, the environment 100 is a ware-
house or other environment. The nodes 102a, 1025, . . .,
1027 (sometimes collectively referred to herein as the nodes
102 or a node 102) operate or exist in the environment. In
the context of a warehouse environment, the nodes may have
different types and correspond to or be associated with
objects related to the warehouse environment. In the present
example, the nodes may correspond to or be associated with
forklifts. Alternatively, the nodes may correspond to or be
associated with other objects (e.g., machinery, hazards,
persons, corridors, corners, shelving) that may be mobile,
movable, or stationary and which are hazards from the
perspective of the forklifts.

In example embodiments each node 102 may be associ-
ated with or include sensors. The array of sensors may
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depend on the associated object. The nodes may also include
compute resources such as a processor, memory, networking
hardware, or the like.

For example, the node 1024, which may be attached to or
be an integral part of an object such as forklift, may be
configured with sensors of various types and with sufficient
hardware (e.g., processor, memory) to use and query a local
trajectory map 110. Other forklifts in the environment may
also include or be associated with a local trajectory map.

For example, if the node 102a corresponds to or is
associated with a forklift, the sensors of the node may be
arranged on the forklift in different manners. For example,
position sensors may be deployed on the forklift’s arms
(forks or tines). By placing sensors on the arms, the positions
of the arms relative to the forklift body and in the environ-
ment 100 can be determined. In one example, the position
sensors of the node 102a generate positional data that
determine a position of the forklift. The sensors of the node
accordingly allow a center position of the node to be
determined. Positional data can also be collected as time
series data, which can be analyzed to determine a position of
the forklift, a velocity of the forklift, a trajectory, a direction
of travel, or the like.

In example embodiments, the hazards 104a, . . . , 104/
(sometimes referred to herein as the hazards 104 or a hazard
104) occupy the environment 100. The hazards represent
relevant aspects of the operational area, which may include
movable and/or static objects. In one example, a defined area
may also constitute a hazard.

In example embodiments, the central node 106 includes a
trajectory map generator 112, a trajectory generator 114, and
a sensor database 116. The central node (e.g., implemented
in a near edge infrastructure) is configured to communicate
with each node 102. The communication may be performed
through hardware such as a router, gateway, or other devices.
Depending on the sensors and configuration of the node, the
communication may be one way. For example, a pallet
associated with an RFID (radio frequency identification) tag
may simply be read to determine the pallet’s position. In
contrast, a forklift may also receive information from the
central node and use the information to perform logistics
operations.

In example embodiments, a trajectory map generator 112
at the central node 106 generates a map of the environment.
The map may be stored at the central node and/or at the edge
nodes 102. The present logistics system is configured to map
position data received from the nodes into the map of the
environment. This allows the positions of all nodes (objects)
to be determined with respect to each other and with respect
to the environment 100. The trajectory map generator is
configured to compose a trajectory map structure based on
positioning data and additional sensor data.

In example embodiments, a trajectory generator 114 at the
central node 106 is configured to receive collected inertial
measurement unit data (e.g., inertial measurements of accel-
eration and deceleration) and positioning data from a set of
entities (e.g., forklifts). Trajectories from each entity are
mined and generated from a repository, segmented by spatial
and temporal sequentiality. Similar subtrajectories (e.g.,
from multiple entities) are filtered with respect to similarity
in positioning. The present system may use domain knowl-
edge (e.g., of points of interest) to further filter the subtra-
jectories of interest.

Each such subtrajectory is assigned domain-dependent
attributes, which may relate to other entities (e.g. driving
profiles associated with each trajectory), to events (e.g. the
relative frequency of an event such as dangerous cornering
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in a trajectory cluster), and to areas of interest (e.g. the
trajectory cluster crosses a known hazard area). The result-
ing trajectories and associated attributes are added to a data
structure (a map) that allows querying and inspection in
real-time.

The map can be used to assess the current trajectory of a
node or other entity against historical information, allowing
for informed planning, warning and autonomous control
actions. For example, if a forklift’s current trajectory
resembles a typical trajectory that leads to a dangerous
cornering (e.g., the current trajectory or the typical trajectory
contain a point in the map that is related to a high frequency
of dangerous cornering events), the present system can be
configured to raise an alarm and/or decrease the thresholds
for accelerometer data collection.

The sensor database 116 is configured to store sensor data
received from the nodes 102 and other nodes in the envi-
ronment 100. Because the nodes are associated with or
integrated with objects, the sensor database corresponds to
information about the objects. More specifically, the sensor
database may be used to store the position information
generated by forklifts.

The sensor database 116 in the present embodiment is
implemented using one or more storage systems associated
with the present logistics system. Such storage systems can
comprise any of a variety of different types of storage
including network-attached storage (NAS), storage area
networks (SANs), direct-attached storage (DAS) and dis-
tributed DAS, as well as combinations of these and other
storage types, including software-defined storage.

It is to be understood that the particular set of elements
shown in FIG. 1 for edge-enabled trajectory map generation
techniques involving the nodes 102 and the central node 106
of the present logistics system is presented by way of
illustrative example only, and in other embodiments addi-
tional or alternative elements may be used. Thus, another
embodiment includes additional or alternative systems,
devices, and other network entities, as well as different
arrangements of modules and other components. For
example, in at least one embodiment, the central node 106
and the sensor database 116 can be on and/or part of distinct
processing platforms.

It is to be appreciated that this particular arrangement of
modules 112, 114, 116 illustrated in the central node 106 of
the FIG. 1 embodiment is presented by way of example only,
and alternative arrangements can be used in other embodi-
ments. For example, the functionality associated with mod-
ules 112, 114, 116 in other embodiments can be combined
into a single module, or separated across a larger number of
modules. As another example, multiple distinct processors
and/or memory elements can be used to implement different
ones of modules 112, 114, 116 or portions thereof. At least
portions of modules 112, 114, 116 may be implemented at
least in part in the form of software that is stored in memory
and executed by a processor.

FIG. 2 shows aspects of a method for generating and
using a map in accordance with example embodiments. The
method 200 includes an offline phase 202 and an online
phase 204.

In example embodiments, the offline phase 202 includes
a data collection stage (step 206), in which data is gathered
from sensors deployed at forklifts. A map composition stage
(step 208) includes determining node trajectories from the
collected data that includes associated attributes and events,
if available. The map composition stage also includes deter-
mining initial trajectories (sometimes referred to herein as
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typical trajectories) from shared subtrajectories and/or tra-
jectories of interest. The map is then deployed to the nodes
(e.g., forklifts) (step 210).

Although the map composition and deployment have
been described in connection with an offline approach for
purposes of illustration, in example embodiments the sensor
data can also be collected in an online phase, e.g., collected
at a central node for continuous or substantially continuous
updating of the map structure.

In example embodiments, the online phase 204 represents
processing in substantially real-time when the forklift is
operating. With the map deployed to the forklift, a querying
process (step 212) determines which, if any, of the initial
trajectories correspond to the forklift’s current positioning
data (e.g., via a spatial indexing query). The attributes of
those initial trajectories can be potentially used for decision
making (step 214) (e.g., by informing a machine-learned
model or a rule-based engine).

FIG. 3 shows aspects of generating a node trajectory in
accordance with example embodiments. At least some
example embodiments use trajectory data 300 to generate a
node trajectory 302 for an entity 304.

In example embodiments, the entity 304 can be a node.
Each entity is associated with a sequence of collections of
data. In some example embodiments, the data can be sensor
data collected at and received by the node.

In example embodiments, the data includes position data
¢ 308 and attribute data A 310 associated with time data t
306. More specifically, the sensor data may include one or
more collections (t, ¢, A) that each include the position data
c and additional attributes A collected at time instant t. The
example values represented for the timestamps are illustra-
tive only, and may differ depending on the domain and
environment. In example embodiments, a data collection can
be aggregated, at the node or at the central node, based on
sensor data received from the sensors deployed at the
forklifts. The present system is then configured to correlate
collections of sensor data events associated with sets of
sensors and nodes among the nodes. A collection may be
triggered periodically, or by a change in values (e.g., one
collection every time an acceleration or deceleration is
observed based on the data), or a combination.

In example embodiments, if the granularity of the data is
undesirably high, then the data may be filtered, for example
using a minimum time delta. FIG. 3 illustrates two collec-
tions 312, 316 as a representative resulting set of collections,
for example if a rule of a minimum of 1 second between
collections is applied. That is, the collection 316 at t=1.22
seconds is used and the intervening collections are filtered
out (e.g., at t=0.15, 0.37, and 0.90 seconds). This heuristic
may be adjusted as appropriate for the domain or environ-
ment.

In example embodiments, the position data 308 is deter-
mined using an available distance function D(c,, c,). For
example, given positional data from two collections a dis-
tance function is configured to yield a distance as a result.
Depending on the nature of the positional data this function
may vary. For example, for two-dimensional coordinates (as
may be found in connection with the floor of a warehouse),
the function D may correspond to a Euclidean distance
between the coordinates. For GPS coordinates of latitude
and longitude, geospatial computation may apply, especially
if the domain spans large distances, such as greater than a
few kilometers or miles. For ease of illustration, the present
disclosure uses two-dimensional x-y coordinates and
Euclidean distance. However, higher or lower dimensions
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and appropriate distance measures may be used as appro-
priate for the relevant domain or environment.

In example embodiments, since the attribute data 310 may
originate from different sensors (both among themselves and
in relation to positioning sensors), the attribute data may be
collected with a slight delay relative to one another. Accord-
ingly, the present system can be configured to correlate
readings from multiple sensors into a single collection, with
t being a representative time instant. Typically, t may be the
earliest time associated to the readings comprising a collec-
tion. FIG. 3 illustrates the timestamp 306 of the collections
for the entity 304 as a delta from the initial collection (e.g.,
at t=0), in seconds.

In example embodiments, the attribute data 310 may be
reflected in a set of attributes A={a,, a,, . . ., a,} that is
known beforehand. Not all attributes may have values for all
collections. That is, some collections may have missing
values for some attributes without detrimentally impacting
the present system. In example embodiments, there may be
aunique attribute type that relates to the indication of events.
The present system is configured to distinguish attributes
from events, as attributes typically result from a reasoning
process. Example attributes include, but are not limited to,
bearing angle, mast position, load weight, and the like.
Non-limiting example events include dangerous cornering
indications, collisions, the types of alarms raised by real-
time monitoring systems, and the like. Events may be
determined by machine learning models, rule-based engines,
or the like. As such, events are the attributes most likely to
have missing values.

In example embodiments, the node trajectory 302 reflects
one or more sequences of position data 308 and attribute
data 310, as described in further detail below. For example,
collections 312, 316 are illustrated and correspond to points
314, 318 of the example node trajectory. A path 320 can also
be defined by the sequence of collections, reflecting move-
ment of the entity 304 along the domain or environment.
That is, the present system uses the sequence of collections
for an entity to define the movement of that entity along the
domain or environment. In example embodiments, the pres-
ent system leverages the path and movement of the entity to
determine trajectories and sequences of coherent position
data and attribute data, as described in further detail below.

FIG. 4 shows aspects of segmenting a node trajectory in
accordance with example embodiments. At least some
example embodiments use trajectory data 400 to generate
example trajectories 402, 424 for an entity 404.

In example embodiments, the trajectories 402, 424 are
generated based on sequences of data 406 collected from a
node. Example data includes, but is not limited to, sensor
data such as position data (c) and attribute data (A) associ-
ated with time t 408.

In example embodiments, the present system is config-
ured to segment the data into trajectories. The segmented
trajectories assist the present system to identify common and
interesting past behavior, for example based on raw sensor
data. From a database of sequences of collections, the
present system is configured to derive a database of trajec-
tories. More specifically, FIG. 4 illustrates obtaining a set of
trajectories 420, 422 {E,', E2, ... } from each entity E, 404
(e.g., forklift). The set of trajectories of all entities is

sometimes referred to herein as T .

In example embodiments, the sequences of collections are
segmented using two categories of criteria, temporal and
spatial. The temporal criterion is described in connection
with FIG. 4 and the spatial criteria are described in connec-
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tion with FIGS. 5 and 6, in further detail below. The
associated reasoning is based on an observation that the
sequences of data collections can be interrupted for certain
periods, during which the positioning data may or may not
continue to be collected. Alternatively, the forklift may stay
still while the data collections continue, implicating a spatial
stop, as described in further detail in connection with FIG.
6.

In example embodiments, the present system is config-
ured to segment one or more node trajectories based on a
temporal gap. More specifically, the temporal aspect
includes determining a temporal gap or difference &° 418.
For the temporal aspect, the present system is configured to
use a maximum time difference & between two sequential
collections (t, ¢, A) and (t', ¢', A") such that a difference
It'—t|>3* determines a break. For example, FIG. 4 illustrates
an example value for 8 of 15 seconds, and lower or higher
time differences may be used as appropriate for the domain
or environment. In the illustrated example scenario, it is
presumed that the forklift did not collect data for longer than
that predetermined period, e.g., between t=6.37 and t=20.88,
thus the present system determines that a segmentation
break has occurred. An appropriate value for d may depend
on the domain and may be set by a separate process or
domain specialist.

Accordingly, collections 410, 414 are illustrated and
correspond to point 412 of the trajectory 402 and point 418
of the trajectory 424, respectively. FIG. 4 illustrates an
example segmentation of a sequence of collections for the
entity E; 404 into two trajectories 420, 422. More specifi-
cally, the sequence of collections for the entity E, are
segmented into two trajectories, trajectory E,' 420 and
trajectory B,? 422. Collection 410 represents the final col-
lection associated with the trajectory E,* and collection 414
represents the first collection associated with the trajectory
E.%

FIG. 5 shows aspects of segmenting a node trajectory in
accordance with example embodiments. At least some
example embodiments use trajectory data 500 to generate
example trajectories 502, 504 for an entity 506.

In example embodiments, the present system uses spatial
criteria determined based on data 508 to generate the
example trajectories 502, 504. The spatial criteria can
include, by way of example and not limitation, a spatial gap
or a spatial stop. Identification of a spatial gap is illustrated
in FIG. 5 and identification of a spatial stop is illustrated in
FIG. 6.

In example embodiments, the present system identifies a
spatial gap by detecting a change in the position data ¢ 512
for the entity E, 506 along with a substantial difference in
the associated time data t 510. The attribute data A 514 can
help provide additional context or confirmation for putative
spatial gaps. In a non-limiting example, example collections
518, 520 are associated with example trajectory points 522,
524. The position data ¢ for collection 518 indicates the
entity E, was at one position 522 at a first time (e.g., t=6.37
seconds) and at another position 524 at a second time (e.g.,
t=20.88 seconds). Accordingly, it can be inferred, for
example, that this gap reflects a pause in collection of sensor
data but with continued movement by the forklift.

Similarly to the maximum time difference 8 526, the
present system is configured to use a predetermined position
parameter 87 516. The position parameter can represent a
minimum distance between two sequential collections for
the collections to compose a same trajectory. In example
embodiments, the value of 8 may be defined in relation to,
or as a function of, &".
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FIG. 6 shows aspects of segmenting a node trajectory in
accordance with example embodiments. At least some
example embodiments use trajectory data 600 to generate
trajectories 602, 604 for an entity 606.

In example embodiments, a spatial stop is identified by
detecting no changes in the position data over a predeter-
mined period of time. More specifically, a spatial stop can be
identified when a sequence of collections indicates no
changes in positioning for a predetermined time period.

The determination of a spatial stop can be based on
repeated positional data (i.e. collections (t, ¢, A), (t', ¢', A"),
for t<t'. The following example criteria may apply:

1. A spatial stop can be identified based on a predeter-
mined number of collections having repeated positional
data, e.g., at least k collections having the same posi-
tion data c¢; and/or

2. A spatial stop can be identified based on a minimum
threshold of time difference between collections having
repeated positional data, e.g., assuming spatial stops
take at least a certain number of seconds.

In both cases, as similar for & and 87, appropriate values
for the above thresholds may be predefined depending on the
domain or environment.

FIG. 6 illustrates an example representation of a stop by
an entity 606 E, (e.g., a forklift). The example collections
616, 618, 620 illustrated are all presumed to have the same
positional data c.

In further example embodiments, the collections 618 are
discarded. Identification of spatial stops also implies that a
certain number of collections may be discarded and not
considered as part of either trajectory 628, 630. The present
system is configured to treat the first of the collections with
repeated positional data as part of the first trajectory 628,
e.g., collection 616 corresponding to point 622 of trajectory
602. The present system is further configured to treat the first
collection after discarded collections (e.g., the next collec-
tion with distinct positional data) as part of the next trajec-
tory 630, e.g., collection 620 corresponding to point 626 of
trajectory 604.

FIG. 7 shows aspects of determining an initial trajectory
in accordance with example embodiments. At least some
example embodiments use trajectory data 700 to identify
subtrajectories shared among initial trajectories 706a, 7065,
706¢ for one or more entities, for example entities E, and E,.

More specifically, FIG. 7 illustrates an example process of
determining subtrajectories in a restricted domain based on
example trajectories 702. In example embodiments, an
example subtrajectory 704 is determined based on a set of
three trajectories 706a, 7065, 706¢ from two entities E |, E,.
The collections 712, 714, 716 of the trajectories are shaded
to correspond to the trajectories’ representations. Collection
712 corresponds to trajectory 706c¢, collection 714 corre-
sponds to trajectory 7065, and collection 716 corresponds to
trajectory 706a. The trajectories are shown overlayed 702 to
illustrate a subtrajectory 704 that is shared among each
trajectory. Regions 708a, 7085, 708¢ illustrate shared points
in each trajectory 706a, 7065, 706¢ that are determined
based on the determined subtrajectory.

Continuing with the illustrated example, the trajectories
E,', E,> 712, 716 both originate from a same entity E, (e.g.,
a forklift), while trajectory E,' originates from entity E,
(e.g., a forklift). Regardless, the present system is configured
to determine that the example trajectories share a portion,
e.g., an example subtrajectory 704 having a support score of
3. The support score is described in further detail below in
connection with an example algorithm for determining a
subtrajectory.
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With a database of trajectories E from multiple entities,
the present system is configured to determine subtrajectories
along with relative frequencies for the subtrajectories, based
on the node trajectories. The example algorithm discussed
below leverages an appropriate distance function as dis-
cussed above in connection with FIG. 3. It will be appreci-
ated that the example algorithm may be considered compu-
tationally expensive (e.g., involving relatively high time
complexity or run time requirements). Accordingly, alterna-
tive algorithms can also be applied, so long as the alternative
algorithms produce similar output.

The example algorithm begins with defining a set of
candidate subtrajectories that is initially populated with the

members of E . To each of those members, the present
system is configured to assign an initial support score of 1.
As used herein, a support score refers to a measure of
similarity among candidate subtrajectories, e.g., a count of
candidate subtrajectories that are similar to the subject
subtrajectory. the number of original candidate subtrajecto-
ries that is similar to the subtrajectory.

Then, the example algorithm below is configured to
iteratively construct and refine the set of candidate subtra-
jectories. At each iteration, the algorithm selects the candi-
date having the largest support score and compare the
selected candidate to another candidate. Additional filtering
and/or spatial segmentation approaches can be used to speed
up this process.

The example algorithm is as follows:

1. Given a tolerance argument 7, and a pair of trajectories

ETLE% T, with [ETI</E?l and support scores s, and s,
from the candidate set

2. Let s be the maximum support between s, and s,

3. If not IE?I<r and not IETI<</E2):

3.1. Downsample the positioning data in E! and E? by
a predetermined magnitude

4. Perform an approximate search of E! in E2 and obtain

the best matching sequence E9

5. If the difference between E! and E? is smaller than y

6. Add E7 to the set of candidates with a support of s+1

To mitigate potentially large computational costs of
applying the algorithm above, in some embodiments the
present system is configured for approximate search to
determine subtrajectories, and also to allow for downsam-
pling of positioning data when one trajectory is much larger
than the other. That downsampling may help alleviate the
computational costs in the cases where at least one of the
trajectories is not sufficiently small to allow for the efficient
subsequence search.

In the example algorithm, [E| refers to a length of the
trajectory (in number of points). The constant r refers to a
predetermined trajectory size threshold, e.g., a number of
points that denotes a threshold of sufficiently small trajec-
tories so as to avoid downsampling. The approximate search
for best matching sequence may depend on the kind of
positioning data and distance function available. For two-
dimensional positional data and Euclidean distance conven-
tional subsequence search approaches can be used. Some
conventional search approaches yield the difference between
E' and E“ as a side product or side effect, as the approaches
use the difference internally as a comparison criterion in
support of best-match. In example embodiments, an
approach for fast similarity search includes Mueen’s Algo-
rithm for Similarity Search, www.cs.unm.edu/~mueen/Fast-
estSimilaritySearch.html, the entire contents of which are
incorporated by reference herein for all purposes.
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As previously discussed, the example algorithm can be
iteratively applied to the subtrajectories with the largest
support. It will be appreciated that the example algorithm
leverages transitivity in similarity even though transitivity is
not mathematically guaranteed by the example algorithm,
since the algorithm allows for approximate search). This
quality helps address positioning data that is seldom exact,
for example due to noise at the sensor level.

Also as previously discussed, especially when processing
a large number of trajectories, the example algorithm may be
considered computationally expensive (e.g., having high
time complexity). In some embodiments, the example algo-
rithm is configured to take place at a central node in a
computational environment having sufficient computational
resources, e.g., in terms of processor, memory, storage,
network, and the like.

In example embodiments, a relative frequency of the
trajectory can also be computed with the score. Let E be the
set of entities that performed a trajectory containing the
subtrajectory. The present system is configured to determine
the relative frequency of that subtrajectory as

1£]

The relative frequency can refer to a measure of relevancy
for the subtrajectory relative to the entities that performed it.
In the example of FIG. 7, all of entity E,’s trajectories (e.g.,
the single trajectory 706a) contain the shared subtrajectory
704 (as shown in region 708a). The same is true for all of
entity E,’s trajectories (e.g., the trajectories 706D, 706¢ as
shown in the regions 708b, 708¢). Hence, the present system
is configured to consider the example subtrajectory 704
highly representative of the behavior of those forklifts E,,
E,. The present system is configured to assign a relative
frequency score of 1 to that subtrajectory 704 in this
illustrated example.

In alternative example embodiments, consider a separate
example situation in which, besides the illustrated trajecto-
ries, the present system has also identified trajectories E,>
and E,* along with E,%, E,?, and E,*, where the additionally
identified trajectories do not contain the illustrated subtra-
jectory 704. In this case, only 1 in 4 of E,’s trajectories
would contain the subtrajectory and only 2 in 4 of E;’s
trajectories. Accordingly, the present system is configured to
assign a lower relative frequency score to that subtrajectory.

FIG. 8 shows aspects of determining an initial trajectory
in accordance with example embodiments. At least some
example embodiments use trajectory data 800 to determine
an initial trajectory based on the subtrajectories 804.

FIG. 8 illustrates example results from a first iteration of
a process of determining an initial trajectory 806. In example
embodiments, the initial trajectory includes a centerline 816
that is determined based on central node points 808, 812.

The collections 802a, 802b, 802¢ represent collections of
the trajectories 804 belonging to a subtrajectory. The posi-
tioning and timestamp data (t, c) of those collections deter-
mines an ordered set 806 of points. FIG. 8 illustrates the
points as circles for purposes of illustration, where the points
are at the center of each circle. A starting point is selected to
be a first centerline node 808. FIG. 8 also illustrates the ring
810 determined by a minimum and maximum distance. The
result of a first iteration of a process for determining an
initial trajectory is illustrated, including selecting a second
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node 812. In example embodiments, the approach includes
a ring-step clustering algorithm that is described in further
detail below.

In example embodiments, an initial trajectory is deter-
mined based on the subtrajectories and associated relative
frequencies. For example, the process begins with selecting
all candidate subtrajectories having a relative frequency
above a predetermined threshold k (or, optionally, all subt-
rajectories having a support score above a predetermined
threshold) and performing an algorithm to determine a most
typical path for that trajectory. Advantageously, the example
algorithm described below is able to reduce the (potentially
large and overlapping) number of points comprising the
original trajectories that determine the shared subtrajectory,
obtaining a centerline of that sub-trajectory, such as example
centerline 816. The centerline is determined by central node
points, such as example central node points 808, 814.

Accordingly, several kinds of algorithms can be applied.
In example embodiments, the present system is configured
to apply a ring-step clustering algorithm as follows. Tech-
niques for applying a ring-step clustering algorithm can also
be found at H. Wu, Z. Xu, and G. Wu, “A Novel Method of
Missing Road Generation in City Blocks Based on Big
Mobile Navigation Trajectory Data,” ISPRS Int. J. Geo-Inf.
(2019), the entire contents of which are incorporated by
reference herein for all purposes.

The present system is configured to select a first point
from the original points in the subtrajectory as a starting
point. The starting point can preferably be one of the points
at the start of the subtrajectory. For example, the starting
point should correspond to the positioning data of the first
shared collection of any of the trajectories that comprise the
subtrajectory.

In example embodiments a ring-step clustering process
can be iteratively applied to determine a sequence of cen-
terline nodes 808, 814. This process takes into account the
following:

a minimum and maximum distance from a current node to

select the next node (e.g., node 812); and

a computation of the density of each point falling inside

a ring area 810 defined by those distances
the point with maximum density (e.g., point 814) is
chosen as the next node 812.

FIG. 9 shows aspects of determining an initial trajectory
in accordance with example embodiments. At least some
example embodiments use trajectory data 900 to determine
an initial trajectory based on subtrajectories and frequency
data. FIG. 8 illustrates example iterations of node selection
via an example ring-step algorithm.

An initial trajectory may include one or more central
nodes such as example central nodes 906, 914, 922, 930. The
initial trajectory may also include a centerline such as
example centerline 910, 918, 926, 936.

FIG. 9 illustrates example iterations of the example ring-
step algorithm. Circles 904, 912, 920, 928, 934 represent
points within the ring 902, 908, 906, 924, 932 determined by
a predetermined minimum and maximum distance of the
most recently selected node 906, 914, 922, 930. Darkened
circle 938 represent points below the minimum distance.
Both are not considered for the following iterations and are
from then on illustrated with a dashed line.

The example ring-step clustering algorithm iteratively
selects the next node 904, 912, 920, 928, 934 in a similar
fashion as described above in connection with FIG. 8.
Previously considered points are not considered for the next
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iteration. Points that were close (e.g., below the minimum
distance) in a previous iteration are likewise discarded for
the following iterations.

FIG. 10 shows aspects of determining an initial trajectory
in accordance with example embodiments.

In example embodiments, an initial trajectory 1000
includes a set 1002 of centerline nodes and an associated
area 1004 of tolerance. The centerline nodes 1002 are
determined based on collections of sensor data received at
each node, as described above. Accordingly, each centerline
node can be related back to a collection in the original
trajectory data. FIG. 10 illustrates example collections in
red, where each example collection relates to an illustrated
centerline node. Collections from the original node trajec-
tory that do not belong to the subtrajectory are omitted for
purposes of illustration.

The set of centerline nodes can be used to determine an
area of tolerance around each centerline node, such as the
example area of tolerance 1004. In example embodiments,
the present system is configured to use the area of tolerance
for determining whether a point from a collection’s posi-
tioning data is part of the initial trajectory. One example
algorithm, similar to the ring-step algorithm described above
in connection with FIGS. 8 and 9, is to determine a seg-
mented joint path, connecting and centered around the
centerline nodes, with a width determined in relation to the
radius of the ring-step algorithm.

FIG. 11 shows aspects of updating the initial trajectories
in accordance with example embodiments. FIG. 11 illus-
trates an example approach for associating collections in the
original data to the closest node in the initial trajectory.

For each initial trajectory, the present system is configured
to generate trajectories by associating attribute data and
event data with the initial trajectories (e.g., by aggregating
statistics of attributes of interest with the initial trajectories).
The following is an example procedure.

For each collection in the original data that falls within the
area of tolerance of the initial trajectory, the present system
is configured to identify the trajectory node closest to the
collection (e.g., based on position data). Points outside the
initial trajectory tolerance area may be optionally discarded.
An example collection is illustrated in FIG. 11.

As shown in FIG. 11, the present system is able to
associate sets of collections to the nodes of the initial
trajectory. Advantageously, the centernodes 1102, 1104 of
the initial trajectory themselves correspond directly to one
collection each (e.g., collections 1106, 1108), therefore there
will always be at least one collection able to be provided to
an appropriate aggregation function. Also advantageously,
the present system does not enforce nor require any rela-
tionship between the entities (E,, E, in the example illus-
trated in FIG. 11) and the nodes. That is, the present system
is operable under an assumption that the points associated to
a node come from distinct entities or trajectories. The
present system also does not require at least one point from
each entity or trajectory. At this stage, all collections related
to the initial trajectory are processed independently of the
collection sequence of origin.

With this association, the present system is configured to
apply one or more aggregation functions based on the
attribute data (e.g., over each attribute or sets of attributes of
interest).

As an example, assume that one attribute o, in the
collections is a speed measurement from velocimeter sen-
sors. One aggregation function defined could be to deter-
mine the average speed of all the points related to a node.
The same attribute o, could be considered by other aggre-
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gation functions, either in isolation or in combination with
other attributes. For example, both the average and top speed
among the set of collections can be recorded and associated
to the node.

Such example aggregations that rely purely on attribute
data received directly from the sensor data collections (e.g.,
based on “raw” sensor data) are identified as attributes of the
nodes of the initial trajectory. The definition and selection of
appropriate aggregation functions will depend on the
domain or environment.

In example embodiments, besides attributes, the present
system is also configured to associate event frequencies to
the center nodes. Unlike the attributes that can be derived
directly from sensor data, the present system is also config-
ured to leverage rich data produced by models and/or
rule-based engines in the domain or environment.

As an example, assume that a sequence of speed values
for a forklift, plus the weight load in the corresponding time
instants, is used to determine whether an alarm is raised.
This determination can be done using, for example, a
rule-based reasoning approach. The rule may be arbitrarily
complex and consider not only attributes of the collections,
but also external data (e.g., the presence of other forklifts in
the warehouse in the same day). The resulting Boolean
alarm (or absence of alarm) is collected and recorded as an
attribute o, in the collections. In example embodiments, the
present system is configured to leverage these kinds of rich
attribute data (referred to herein as events), if available, to
associate information to the initial trajectory nodes, in a
similar manner as described above for the attributes. One
typical approach would be to associate event frequencies to
the nodes. In this example, that association would comprise
the count of the number of collections having the attribute o,
(e.g., the alarm) equal to 1.

As for the attributes, the definition and selection of
appropriate event frequency aggregation functions is
domain dependent and can be selected accordingly. The
resulting generated trajectory including aggregate attribute
data and event frequencies associated with the nodes, is
sometimes referred to herein as a rich trajectory. The gen-
erated trajectory is recorded into a data structure with spatial
indexing for real-time querying, such as a map, as discussed
in further detail below.

In example embodiments, a map composition stage can
include recording the generated trajectories to a data struc-
ture that is queryable in real time. To that end, any data
structure that allows for spatial indexing may apply. In one
example embodiment, a quadtree structure may be used for
spatial indexing of the node points. The nodes within that
tree, may record the trajectory attributes (and events, if
applicable) related to that node, as described above.

The map may comprise, for example, a quadtree structure
used for spatial indexing of the points along with an index
table that relates points to trajectory attributes. In this
embodiment, a few example additional attributes of the node
may be assigned as follows:

a pointer to a previous node in the same initial trajectory,

and a pointer to a next node in the same initial trajectory,

and

the area of tolerance around that node.

Advantageously, the pointer to the next node allows
traversing of the trajectories, once one is selected, as, for
example, a linked list.

In example embodiments, the area of tolerance around the
node may comprise a single value representing a maximum
distance to the node, e.g., a radius around the point. Alter-
natively, more complex data structures can be appended to
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the node, representing more fine-grained regions. For
example, an area 1004 of influence can be a custom polygon
(FIG. 10), as determined by an example application of
trajectory discovery as discussed above.

Other kinds of spatial indexing structures can be used, and
other kinds of attributes can be additionally assigned to each
node in accordance with example embodiments.

In example embodiments, the trajectory map structure is
copied to the edge node. At an example edge node, such as
a forklift, the storage capabilities are expected to be suffi-
cient to enable such deployment.

In other example embodiments, if necessary and appli-
cable, selective compression or segmentation algorithms
may be applied. For example, the map structure can be
segmented into parts, and all parts compressed before being
deployed to the forklifts. Each forklift can then be config-
ured to decompress only the part of the map related to its
current positioning. This may leverage a dynamic mecha-
nism to preemptively decompress appropriate parts of the
map related to adjacent areas of the forklift’s current posi-
tion, based on position data. Techniques for determining
dynamic level-of-detail of large structures that can be seg-
mented into discrete parts, such as approaches used in
simulation or game environments, can also be used in
example embodiments to enable deployment of the map to
the forklifts in constrained scenarios.

The map structure can be deployed to an operating forklift
that is able to leverage the same raw sensor data used in the
map composition at the edge, with minimal delay. The
positioning data of each collection of sensor data can be used
to query the map for one or more initial trajectory nodes. If
the map structure provides information on the area of
tolerance for a node (as discussed above, e.g., in connection
with FIG. 10), that information may be used to filter out
nodes outside that area.

In example embodiments, the sequence of most recent
positionings can also be used to assess whether the forklift
is currently traversing an initial trajectory. In example
embodiments, a forklift may query the map structure peri-
odically to determine a likelihood of being currently tra-
versing that trajectory.

The attributes (and events) of those likely trajectories can
be used to guide decision-making actions or tasks. For
example, if forklifts’ current positioning ¢ (and previous
positions) indicate a high likelihood of belonging to an
initial trajectory A, and c is closest to a node m of A, the map
structure can enable a traversal to extract the attributes of the
next nodes (e.g., those nodes following m in A). That
information may be used either as input to machine learned
models deployed at the node, or provided to rule-based
engine determinations.

FIG. 12 shows aspects of a method for generating a map
in accordance with example embodiments.

In example embodiments, the method 1200 includes
segmenting one or more node trajectories based on data
collected at a node (step 1202). The data can include sensor
data collected at the node. For example, the sensor data can
include position data and attribute data. The node trajecto-
ries can be segmented based on the sensor data. For
example, segmenting the node trajectories can include using
temporal gaps, spatial gaps, and spatial stops identified
based on the position data.

In example embodiments, the method 1200 includes
determining one or more initial trajectories based on the
segmented node trajectories (step 1204). Determining the
initial trajectories can include using subtrajectories identi-
fied based on the segmented node trajectories. Determining
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the initial trajectories can also include using frequencies
identified based on the segmented node trajectories.

In example embodiments, the method 1200 includes
generating a map including trajectories generated by asso-
ciating attribute data and event data with the initial trajec-
tories (step 1206). The map can include a quadtree data
structure.

In example embodiments, the method 1200 can include
transmitting the generated map to the node.

FIG. 13 shows aspects of a method for querying a map in
accordance with example embodiments.

In example embodiments, the method 1300 includes
receiving position data at a node (step 1302).

In example embodiments, the method 1300 includes
determining a subsequent trajectory based on the position
data, and on attribute data and event data associated with one
or more initial trajectories (step 1304).

In example embodiments, the method 1300 includes
processing a decision-making action based on the subse-
quent trajectory (step 1306). For example, the decision-
making action can include providing current or previous
position data in connection with the subsequent trajectory as
input to machine learned models deployed at the node. The
decision-making action can also include providing current or
previous position data in connection with the subsequent
trajectory as input to rule-based engine determinations at the
node.

While the various steps in the example methods 1200,
1300 have been presented and described sequentially, one of
ordinary skill in the art, having the benefit of this disclosure,
will appreciate that some or all of the steps may be executed
in different orders, that some or all of the steps may be
combined or omitted, and/or that some or all of the steps
may be executed in parallel.

It is noted with respect to the example methods 1200,
1300 of FIGS. 12 and 13 that any of the disclosed processes,
operations, methods, and/or any portion of any of these, may
be performed in response to, as a result of, and/or, based
upon, the performance of any preceding process(es), meth-
ods, and/or, operations. Correspondingly, performance of
one or more processes, for example, may be a predicate or
trigger to subsequent performance of one or more additional
processes, operations, and/or methods. Thus, for example,
the various processes that may make up a method may be
linked together or otherwise associated with each other by
way of relations such as the examples just noted. Finally, and
while it is not required, the individual processes that make
up the various example methods disclosed herein are, in
some embodiments, performed in the specific sequence
recited in those examples. In other embodiments, the indi-
vidual processes that make up a disclosed method may be
performed in a sequence other than the specific sequence
recited.

As mentioned previously, at least portions of the infor-
mation extraction system 100 can be implemented using one
or more processing platforms. A given such processing
platform comprises at least one processing device compris-
ing a processor coupled to a memory. The processor and
memory in some embodiments comprise respective proces-
sor and memory elements of a virtual machine or container
provided using one or more underlying physical machines.
The term “processing device” as used herein is intended to
be broadly construed so as to encompass a wide variety of
different arrangements of physical processors, memories and
other device components as well as virtual instances of such
components. For example, a “processing device” in some
embodiments can comprise or be executed across one or
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more virtual processors. Processing devices can therefore be
physical or virtual and can be executed across one or more
physical or virtual processors. It should also be noted that a
given virtual device can be mapped to a portion of a physical
one.

Some illustrative embodiments of a processing platform
used to implement at least a portion of an information
processing system comprises cloud infrastructure including
virtual machines implemented using a hypervisor that runs
on physical infrastructure. The cloud infrastructure further
comprises sets of applications running on respective ones of
the virtual machines under the control of the hypervisor. It
is also possible to use multiple hypervisors each providing
a set of virtual machines using at least one underlying
physical machine. Different sets of virtual machines pro-
vided by one or more hypervisors may be utilized in
configuring multiple instances of various components of the
system.

These and other types of cloud infrastructure can be used
to provide what is also referred to herein as a multi-tenant
environment. One or more system components, or portions
thereof, are illustratively implemented for use by tenants of
such a multi-tenant environment.

As mentioned previously, cloud infrastructure as dis-
closed herein can include cloud-based systems. Virtual
machines provided in such systems can be used to imple-
ment at least portions of a computer system in illustrative
embodiments.

In some embodiments, the cloud infrastructure addition-
ally or alternatively comprises a plurality of containers
implemented using container host devices. For example, as
detailed herein, a given container of cloud infrastructure
illustratively comprises a Docker container or other type of
Linux Container (LXC). The containers are run on virtual
machines in a multi-tenant environment, although other
arrangements are possible. The containers are utilized to
implement a variety of different types of functionality within
the system 100. For example, containers can be used to
implement respective processing devices providing compute
and/or storage services of a cloud-based system. Again,
containers may be used in combination with other virtual-
ization infrastructure such as virtual machines implemented
using a hypervisor.

Iustrative embodiments of processing platforms will
now be described in greater detail with reference to FIG. 14.
Although described in the context of system 100, these
platforms may also be used to implement at least portions of
other information processing systems in other embodiments.

FIG. 14 shows aspects of a computing device or a
computing system in accordance with example embodi-
ments. The computer 1400 is shown in the form of a
general-purpose computing device. Components of the com-
puter may include, but are not limited to, one or more
processors or processing units 1402, a memory 1404, a
network interface 1406, and a bus 1416 that communica-
tively couples various system components including the
system memory and the network interface to the processor.

The bus 1416 represents one or more of any of several
types of bus structures, including a memory bus or memory
controller, a peripheral bus, an accelerated graphics port, and
a processor or local bus using any of a variety of bus
architectures. By way of non-limiting example, such archi-
tectures include Industry Standard Architecture (ISA) bus,
Micro Channel Architecture (MCA) bus, Enhanced ISA
(EISA) bus, Video Electronics Standards Association
(VESA) local bus, and Peripheral Component Interconnects
(PCI) bus.
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The computer 1400 typically includes a variety of com-
puter-readable media. Such media may be any available
media that is accessible by the computer system, and such
media includes both volatile and non-volatile media, remov-
able and non-removable media.

The memory 1404 may include computer system readable
media in the form of volatile memory, such as random-
access memory (RAM) and/or cache memory. The computer
system may further include other removable/non-remov-
able, volatile/non-volatile computer system storage media.
By way of example only, the storage system 1410 may be
provided for reading from and writing to a non-removable,
non-volatile magnetic media (not shown and typically called
a “hard drive”). Although not shown, a magnetic disk drive
for reading from and writing to a removable, non-volatile
magnetic disk (e.g., a “floppy disk™), and an optical disk
drive for reading from or writing to a removable, non-
volatile optical disk such as a CD-ROM, DVD-ROM or
other optical media may be provided. In such instances, each
may be connected to the bus 1416 by one or more data media
interfaces. As has been depicted and described above in
connection with FIGS. 1-13, the memory may include at
least one computer program product having a set (e.g., at
least one) of program modules that are configured to carry
out the functions of the embodiments as described herein.

The computer 1400 may also include a program/utility,
having a set (at least one) of program modules, which may
be stored in the memory 1404 by way of non-limiting
example, as well as an operating system, one or more
application programs, other program modules, and program
data. Each of the operating system, one or more application
programs, other program modules, and program data or
some combination thereof, may include an implementation
of a networking environment. The program modules gener-
ally carry out the functions and/or methodologies of the
embodiments as described herein.

The computer 1400 may also communicate with one or
more external devices 1412 such as a keyboard, a pointing
device, a display 1414, etc.; one or more devices that enable
a user to interact with the computer system; and/or any
devices (e.g., network card, modem, etc.) that enable the
computer system to communicate with one or more other
computing devices. Such communication may occur via the
Input/Output (I/O) interfaces 1408. Still yet, the computer
system may communicate with one or more networks such
as a local area network (LAN), a general wide area network
(WAN), and/or a public network (e.g., the Internet) via the
network adapter 1406. As depicted, the network adapter
communicates with the other components of the computer
system via the bus 1416. It should be understood that
although not shown, other hardware and/or software com-
ponents could be used in conjunction with the computer
system. Non-limiting examples include microcode, device
drivers, redundant processing units, external disk drive
arrays, Redundant Array of Independent Disk (RAID) sys-
tems, tape drives, data archival storage systems, etc.

It is noted that embodiments of the invention, whether
claimed or not, cannot be performed, practically or other-
wise, in the mind of a human. Accordingly, nothing herein
should be construed as teaching or suggesting that any
aspect of any embodiment could or would be performed,
practically or otherwise, in the mind of a human. Further,
and unless explicitly indicated otherwise herein, the dis-
closed methods, processes, and operations, are contemplated
as being implemented by computing systems that may
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comprise hardware and/or software. That is, such methods
processes, and operations, are defined as being computer-
implemented.

While the invention has been described with respect to a
limited number of embodiments, those of ordinary skill in
the art, having the benefit of this disclosure, will appreciate
that other embodiments can be devised that do not depart
from the scope of the invention as disclosed herein. Accord-
ingly, the scope of the invention should be limited only by
the appended claims.

What is claimed is:

1. A method comprising:

using sensor data and position data collected at a node to

segment one or more node trajectories;

using the position data to identify subtrajectories and

frequencies for the node trajectories;

using the identified subtrajectories and frequencies to

filter the segmented node trajectories;

determining one or more initial trajectories based on the

filtered node trajectories; and

generating a map including trajectories generated by

associating attribute data and event data with the initial
trajectories.

2. The method of claim 1, wherein the one or more initial
trajectories are determined based on the one or more subt-
rajectories and frequencies that are identified to filter the
segmented node trajectories.

3. The method of claim 2, wherein the determining the
one or more initial trajectories further comprises determin-
ing two or more centerline nodes and a center line for the
initial trajectory using a ring-step clustering algorithm to
process the one or more subtrajectories.

4. The method of claim 1,

wherein the node trajectories are segmented based on the

sensor data.

5. The method of claim 1,

wherein the one or more node trajectories are segmented

based on a temporal gap, a spatial gap, or a spatial stop
identified based on the position data.

6. The method of claim 5, wherein the spatial gap is
identified based on the temporal gap.

7. The method of claim 1, further comprising deploying
the generated map to the node.

8. The method of claim 1, wherein the map is configured
to allow for spatial indexing.

9. The method of claim 1, wherein the map comprises a
quadtree data structure.

10. The method of claim 1, further comprising processing
a query using the map to determine a subsequent trajectory
for the node based on position data for the node and on the
attribute data and event data associated with the initial
trajectories.

11. The method of claim 10, further comprising process-
ing a decision-making action based on the subsequent tra-
jectory.

12. The method of claim 11, wherein the processing the
decision-making action further comprises causing the sub-
sequent trajectory, the position data, the attribute data, or the
event data to be provided as input to machine-learned
models or to rule-based engine determinations.

13. An apparatus comprising:

at least one processing device including a processor

coupled to a memory;

the at least one processing device being configured to

implement the following steps:
using sensor data and position data collected at a node
to segment one or more node trajectories;
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using the position data to identify subtrajectories and
frequencies for the node trajectories;

using the identified subtrajectories and frequencies to
filter the segmented node trajectories;

determining one or more initial trajectories based on
the filtered segmented node trajectories; and

generating a map including trajectories generated by
associating attribute data and event data with the
initial trajectories.

14. The apparatus of claim 13, wherein the one or more
initial trajectories are determined based on the one or more
subtrajectories and frequencies that are identified to filter the
segmented node trajectories.

15. The apparatus of claim 14, wherein the determining
the one or more initial trajectories further comprises deter-
mining two or more centerline nodes and a center line for the
initial trajectory using a ring-step clustering algorithm to
process the one or more subtrajectories.

16. The apparatus of claim 13,

wherein the node trajectories are segmented based on the

sensor data.

17. The apparatus of claim 16,

wherein the one or more node trajectories are segmented

based on a temporal gap, a spatial gap, or a spatial stop
identified based on the position data.

18. A non-transitory processor-readable storage medium
having stored therein program code of one or more software
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programs, wherein the program code when executed by at
least one processing device causes the at least one process-
ing device to perform the following steps:

using sensor data and position data collected at a node to

segment one or more node trajectories;

using the position data to identify subtrajectories and

frequencies for the node trajectories;

using the identified subtrajectories and frequencies to

filter the segmented node trajectories;

determining one or more initial trajectories based on the

filtered node trajectories; and

generating a map including trajectories generated by

associating attribute data and event data with the initial
trajectories.

19. The processor-readable storage medium of claim 18,
wherein the one or more initial trajectories are determined
based on the one or more subtrajectories and frequencies
that are identified to filter the segmented node trajectories.

20. The processor-readable storage medium of claim 18,
wherein the program code further causes the at least one
processing device to process a query using the map to
determine a subsequent trajectory for the node based on
position data for the node and on the attribute data and event
data associated with the initial trajectories.
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